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This study investigates the integration of image 

histograms with Convolutional Neural Networks 

(CNNs) using TensorFlow for gender 

classification. The research focuses on 

preprocessing techniques that significantly 

reduce the dimensionality of image data, 

enhancing computational efficiency model 

performance. Data augmentation methods, 

including rotation, shifting, and flipping, were 

applied to diversify the training dataset. The 

CNN model achieved high accuracy and 

validation accuracy, demonstrating its 

robustness. The findings reveal that the 

preprocessing steps effectively condensed the 

pixel to be 151,321 while retaining critical 

features for classification. The study underscores 

the potential applications of this methodology in 

security, marketing, and healthcare, where 

accurate gender classification is essential. Future 

research should explore more diverse datasets, 

advanced model architectures, and enhanced 

feature extraction methods to further improve 

performance. This research contributes to the 

field by offering a comprehensive approach to 

efficient and accurate gender classification, 

supported by robust data augmentation and 

preprocessing techniques. 
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INTRODUCTION 

In recent years, CNN has drawn a lot of attention due to its efficiency in 
image processing jobs. (Sarvamangala & Kulkarni, 2022), involves the 
identification and categorization of objects (Naranjo-Torres et al., 2020). 
TensorFlow, as a popular deep learning framework (Tang & Wen, 2022), 
provides a robust platform for implementing CNN-based models efficiently 
(Jose, 2019). While CNNs have been widely used for image classification tasks 
(Sultana et al., 2018), incorporating image histograms as a feature 
representation adds a new dimension to gender classification algorithms. This 
approach harnesses the power of both deep learning techniques and traditional 
image processing methods, enhancing the accuracy and robustness of gender 
classification systems.  

With a variety of facial traits, traditional approaches frequently struggle 
(Trigueros et al., 2018), with findings that are erroneous due to lighting and 
image variations (Xin & Wang, 2019). By focusing on image histograms as a 
complementary feature alongside CNN-based models, it will aim to mitigate 
these challenges and improve the overall performance of gender classification 
systems. The integration of various methods for gender categorization, as well 
as CNN architecture and image histogram analysis, are examined. (Alzubaidi et 
al., 2021). It explores how CNN learns hierarchical features from images and 
how image histograms capture color distribution information, providing a 
comprehensive understanding of the proposed approach.  

The purpose of writing the article is to showcase a novel methodology 
for gender classification using CNN and TensorFlow, augmented with image 
histogram analysis. By presenting experimental results and comparative 
analyses, to demonstrate the effectiveness and applicability of this approach in 
real-world scenarios. And also to contribute to the ongoing research in image-
based gender classification methods.   

LITERATURE REVIEW 
CNN has revolutionized image processing (Sarvamangala & Kulkarni, 

2022) additionally, because of their capacity to automatically extract 
hierarchical characteristics from input and employ them in classification tasks 
(Tarasiuk & Szczepaniak, 2022). Various studies have demonstrated the 
effectiveness of CNN in tasks such as object recognition, image segmentation, 
and facial recognition (Fan et al., 2023). Researchers have explored different 
CNN architectures, including LeNet, AlexNet, VGGNet, and ResNet, each 
offering unique advantages in terms of depth, computational efficiency, and 
accuracy (Dhillon & Verma, 2020). These architectures serve as the basis for 
deep learning models used in image interpretation and categorization (Lorente 
et al., 2021). 

The deep learning framework TensorFlow was created by Google and is 
extensively utilized (Pang et al., 2020). TensorFlow provides a comprehensive 
ecosystem for building and deploying machine learning models, with support 
for CNN, recurrent neural networks (RNN), and other deep learning techniques 
(Shiri et al., 2023). Researchers have leveraged TensorFlow for various 
applications, including natural language processing, image recognition, and 
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reinforcement learning. When deploying CNN-based models in academic and 
industry contexts, TensorFlow is the favored option due to its flexibility, 
scalability, and user-friendliness (Abadi et al., 2016). 

Image histograms represent the distribution of pixel intensities or color 
values in an image, providing valuable insights into its characteristics (Mustafa 
& Abdul Kader, 2018). Previous studies have utilized image histograms for 
tasks such as image enhancement, object detection, and texture analysis 
(Institutions, 2020). Histogram-based features capture statistical information 
about images, allowing for efficient representation and comparison of visual 
data (Peeples et al., 2024). Researchers have explored different types of 
histograms, including grayscale histograms, RGB histograms, and HSV 
histograms, each offering unique information about image content and 
structure (Inoue et al., 2022). 

Gender classification has practical applications in areas such as 
surveillance, marketing, and healthcare (Spanier et al., 2024). When it comes to 
tasks involving gender classification, prior research has used a variety of 
methods, such as machine learning algorithms, facial deep learning, and feature 
analysis (Bartle & Zheng, n.d.). CNNs have demonstrated the potential in 
effectively identify a person's gender from face photos by using contextual 
information in addition to visual traits (Alvarado-Diaz et al., 2021). Researchers 
have explored datasets such as CelebA, LFW, and FG-NET for training and 
evaluating gender classification models, highlighting the importance of dataset 
quality and diversity in achieving robust performance(Tian et al., 2017). 

By synthesizing and analyzing these research findings, we gain valuable 
insights into the state-of-the-art approaches, challenges, and opportunities in 
investigating image histograms using CNN and TensorFlow-based gender 
classification. The approach of our investigation is established by this thorough 
review, experimental design, and contributions to the field.  

METHODOLOGY 
TensorFlow provides a flexible and scalable platform for building, 

training, and evaluating deep learning models, while Keras offers a user-
friendly interface for constructing neural networks. The following methods are 
used: 
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Collect Dataset  
The dataset used in this study was obtained from Kaggle, specifically the 

"Male and Female Face Dataset." Kaggle is a popular platform for hosting and 
sharing datasets, providing access to a wide variety of datasets for research and 
analysis purposes. This dataset contains a collection of face images labeled with 
the corresponding gender (Male or Female). The dataset is divided into 
training, validation, and testing sets to facilitate model training, evaluation, and 
performance assessment. Common division ratios such as 70% training, 15% 
validation, and 15% test data are used to ensure sufficient data for training 
while avoiding overfitting. 

Data Pre-processing 
The data preprocessing methodology plays a crucial role in preparing 

the dataset for training CNN-based gender classification models using 
TensorFlow and Keras. The first step involves importing the necessary libraries, 
including TensorFlow and Keras modules for deep learning tasks. The 
ImageDataGenerator class is initialized to perform data augmentation, which 
helps in generating additional training samples by applying various 
transformations to the original images. The augmentation parameters include 
Rescale 1.0/255, Normalizes pixel values to the range [0, 1]. Rotation_range 30, 
Random rotation of images by up to 30 degrees. Width_shift_range 0.2, 
Random horizontal shift of images by up to 20% of the image width. 
Height_shift_range 0.2, Random vertical shift of images by up to 20% of the 
image height. Shear_range 0.2, Random shearing transformation. Zoom_range 
0.2, Random zooming of images by up to 20%. Horizontal_flip True, Random 
horizontal flipping of images. Fill_mode nearest, Filling mode for newly created 
pixels. 

Two separate data generators are created, one for training data and 
another for validation data. The flow_from_directory method is used to 
generate batches of augmented images from specified directories. Parameters 
include: train_dir and val_dir, paths to directories containing training and 
validation images. Target_size (150, 150), Resizes images to a uniform size of 

Figure 2. Women Dataset 

Figure 3. Men Dataset 
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150x150 pixels. Batch_size 32, Number of images in each batch. Class_mode 
binary, Specifiesbinary classification mode since there are two classes (Men and 
Women). 
 
CNN Model 

The model is defined using the Sequential API from TensorFlow's Keras 
module. It starts with a Conv2D layer with 32 filters of size (3, 3) and ReLU 
activation, specifying an input shape of (150, 150, 3) for images. This is followed 
by a MaxPooling2D layer with a pool size of (2, 2) to downsample the spatial 
dimensions. Next, another Conv2D layer with 64 filters and ReLU activation, 
followed by a MaxPooling2D layer. The pattern continues with two more pairs 
of Conv2D and MaxPooling2D layers, gradually increasing the number of 
filters to capture more complex features. After the convolutional layers, a 
Flatten layer is added to convert the 3D feature maps into a 1D vector. A fully 
connected Dense layer with 512 units and ReLU activation is then included, 
followed by a Dropout layer with a dropout rate of 0.5 to prevent overfitting. 
Finally, an output-dense layer with a single unit and sigmoid activation is 
added for binary classification (in this case, gender classification). 

The Conv2D layers with different filter sizes (32, 64, 128) extract features 
from input images, gradually increasing the depth of features learned. The 
MaxPooling2D layers reduce the spatial dimensions by half (2x2 pooling) after 
each convolutional block, aiding in spatial hierarchy learning. The flattened 
layer transforms the 3D feature maps into a 1D vector, preparing them for the 
dense layers. The Dense layers with ReLU activation introduce non-linearity 
and capture high-level abstractions in the data. The Dropout layer randomly 
drops 50% of the units during training to improve model generalization and 
prevent overfitting. The output layer with sigmoid activation generates binary 
predictions (0 or 1) for gender classification. 

The output shape for every layer and the total number of parameters are 
displayed in the model summary. The total trainable parameters in the model 
are 3,453,121, which include the weights and biases of each layer that are 
updated during training. This methodology ensures a structured and scalable 
approach to building CNN models for gender classification tasks using 
TensorFlow and Keras, incorporating essential layers for feature extraction, 
spatial hierarchy learning, non-linearity, regularization, and binary 
classification. 
 
Train the Model 

The training process evaluates the model's performance using standard 
metrics such as loss and accuracy. The loss function quantifies the difference 
between predicted and actual values, while accuracy measures the percentage 
of correctly classified samples. 

With the batch size decided by the data generator, the model was trained 
for 20 epochs. It produced an accuracy of 92% and val accuracy of 94%. 
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Figure 4. Model Process 

Gender Classification 
 The gender classification process in this study involves uploading an 
image, preprocessing it, predicting gender using a trained model, and 
displaying the results. The process begins with the user uploading an image. 
This is facilitated using the function from the Google Colab library, allowing the 
user to select and upload an image file directly from their local machine.  

Once the image is uploaded, it is loaded and displayed using the Keras 
image module and Matplotlib. The supplied picture is scaled to 150 by 150 
pixels in order to make it fit the model's expected input shape. Then, Matplotlib 
is used to display the image, with the axes turned off for better visual clarity. 
The image is loaded, and then image.img_to_array(img) is used to convert it to 
an array format. This array is then expanded to include a batch dimension, as 
the model expects inputs in batches. Using a division of 255.0, the image's pixel 
values are normalized to the interval [0, 1], making certain that the data used to 
train the model is consistent. 

Predictions are then made by running the preprocessed image array 
through the trained CNN model. A probability score representing the image's 
likelihood of falling into a specific gender group is produced by the model. This 
methodology ensures a streamlined process for gender identification, 
leveraging deep learning techniques to analyze and classify images accurately. 
The use of TensorFlow and Keras facilitates efficient model deployment, while 
the preprocessing steps ensure compatibility and consistency with the training 
data. 
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RESULTS 
The results of this study were obtained through a series of systematic 

steps, each contributing to the overall analysis and validation of the gender 

classification model. Data augmentation techniques are as follows: 

Table 1. Data Preparation 

Parameters Values 

Rescale 1.0/255 

Rotation_range 30 

Width_shift_range 0.2 

Height_shift_range 0.2 

Shear_range 0.2 

Zoom_range 0.2 

Horizontal_flip True 

Fill_mode nearest 

On the test set, the trained model's performance values are assessed. 
resulting in 94% val correctness and 92% data accuracy. 

 

Figure 5. Model Accuracy 

 

Figure 6. Image Histogram Before Process 
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Figure 7. Image Histogram After Process 

 

Table 2. Total Pixels 

Before After 

790.464 151.321 

The results demonstrate that the image histograms processed through 
the developed model exhibit a significant reduction in pixel count, decreasing 
from 790,464 to 151,321 pixels. This transformation indicates the model's 
capability to effectively reduce the dimensionality of the image data while 
preserving essential features necessary for accurate gender classification. The 
test involved 20 images before processing, each yielding the same number of 
pixels, affirming the consistency and reliability of the preprocessing and model 
application steps. This reduction in pixel count highlights the efficiency of the 
proposed method in handling high-dimensional image data, facilitating more 
efficient and accurate gender classification. 

DISCUSSION 
The findings from this study provide valuable insights into the efficacy 

of using image histograms in conjunction with CNN and TensorFlow for 
gender classification. The significant reduction in pixel count achieved through 
the preprocessing steps demonstrates the model's ability to effectively condense 
high-dimensional image data while retaining the essential features required for 
accurate classification. 

From an academic perspective, these results align with existing research 
on the benefits of dimensionality reduction in machine learning models. The 
reduction in pixel count not only enhances computational efficiency but also 
mitigates the risk of overfitting, a common challenge in training deep learning 
models with high-dimensional data. This aligns with findings from previous 
studies that emphasize the importance of efficient data representation in 
improving model performance and generalization. 

The improvement in accuracy and validation accuracy further 
underscores the robustness of the proposed methodology. An increasingly 
varied training dataset was produced with the help of data augmentation 
methods like rotation, horizontal flips, shear, zoom, and shifts in width and 
height. This diversity enabled the model to generalize better to unseen data, 
reflecting the effectiveness of these augmentation strategies in preventing 
overfitting and enhancing model robustness. 

Furthermore, the integration of image histogram features into the CNN 
model provided a novel approach to enhancing gender classification 
performance. Histograms capture essential statistical information about the 
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distribution of pixel intensities, offering a complementary feature set that 
enhances the model's ability to distinguish between different gender 
characteristics. This approach is supported by literature that highlights the 
value of combining traditional image processing techniques with deep learning 
models to achieve superior performance. 

The discussion also highlights the potential applications of this research 
in various domains. For instance, improved gender classification models can be 
utilized in security and surveillance systems to enhance facial recognition 
accuracy. In the field of marketing, such models can help tailor advertising 
content based on the demographic analysis of potential customers. 
Additionally, healthcare applications, such as patient monitoring systems, can 
benefit from accurate gender classification to provide personalized care. 

In conclusion, this study contributes to the growing body of research on 
gender classification using deep learning by demonstrating the benefits of 
integrating image histograms with CNN models. The results validate the 
effectiveness of the proposed methodology, offering a comprehensive approach 
to improving classification accuracy and efficiency. Future research could 
explore further enhancements, such as leveraging advanced histogram 
techniques or integrating additional image features, to continue advancing the 
field of image-based gender classification.  

CONCLUSIONS AND RECOMMENDATIONS 
This study has demonstrated the efficacy of integrating image 

histograms with Convolutional Neural Networks (CNNs) using TensorFlow for 
gender classification tasks. The preprocessing steps significantly reduced the 
pixel count of images from 790,464 to 151,321 while maintaining the essential 
features required for accurate gender classification. This reduction facilitated 
more efficient data handling and improved model performance. The CNN 
model, enhanced with image histogram features and robust data augmentation 
techniques, achieved high accuracy and validation accuracy. This underscores 
the importance of combining traditional image processing methods with 
advanced deep learning techniques to enhance model robustness and 
generalization capabilities. The improved gender classification model has 
potential applications in various domains, including security, marketing, and 
healthcare, where accurate and efficient gender classification can provide 
significant benefits. 

FURTHER STUDY 
 Other feature extraction methods or hybrid approaches could potentially 
yield better results. 
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